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Bank Finance (2013), http://dx.doi.org/10.1016/We propose a new threshold–pre-averaging realized estimator for the integrated co-volatility of two
assets using non-synchronous observations with the simultaneous presence of microstructure noise
and jumps. We derive a noise-robust Hayashi–Yoshida estimator that allows for very general structure
of jumps in the underlying process. Based on the new estimator, different aspects and components of
co-volatility are compared to examine the effect of jumps on systematic risk using tick-by-tick data from
the Chinese stock market during 2009–2011. We find controlling for jumps contributes significantly to
the beta estimation and common jumps mostly dominate the jump’s effect, but there is also evidence that
idiosyncratic jumps may lead to significant deviation. We also find that not controlling for noise and
jumps in previous realized beta estimations tend to considerably underestimate the systematic risk.
 2013 Elsevier B.V. All rights reserved.1. Introduction
In the one factor capital asset pricing model (CAPM), systematic
risk, measured by beta, is determined by covariance with the mar-
ket (Sharpe, 1963; Lintner, 1965). The betas are not directly obser-
vable. The traditional way of circumventing this problem and
estimating betas has relied on rolling linear regression, typically
based on 5 years of monthly data.1 The recent advent of readily
available high frequency data has spurred a revived interest into
alternative ways to more accurately estimate betas.2 Compared to
traditional parametric methods, a non-parametric approach using
high frequency data is useful in that it trivializes calculation andll rights reserved.
+853 2883 8314.
), wjl.wise@gmail.com (J. Liu),
(1973).
-Nielsen and Shephard (2004)
r measuring and forecasting
structed from the summation
in period returns.
l. Disentangling the effect of ju
j.jbankfin.2013.01.024avoids many distortive assumptions necessary for parametric mod-
eling.3 Studies show that the use of high frequency data results in
statistically superior beta estimates relative to the traditional regres-
sion based procedures. Unlike the constant period-by-period beta
from the CAPM, the realized beta model allows continuous evalua-
tion in the beta estimation and thus provides an estimator for mea-
surement of time varying systematic risk.
However, estimating realized variance or covariance measures
from high frequency data will inevitably face problems such as
microstructure noise and non-synchronous trading. Set against
that background, numerous studies have been proposed to deter-
mine how to mitigate the above two problems. Among the latest
endeavors, Christensen et al. (2010) propose an estimator for the
realized covariance while controlling for possible microstructure
noise and non-synchronous trading distortions. They develop a
pre-averaged version of the Hayashi and Yoshida (2005) estimator3 An intuitive approach has been made by Merton (1980), while others, including
but not limited to Andersen et al. (2003) and Barndorff-Nielsen and Shephard (2006),
have worked on the development of rigorous non-parametric estimators.
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and non-synchronous observations, without any prior alignment of
prices. The Christensen et al. (2010) work, however, has not con-
sidered jumps, of which the existence and importance has been
generally acknowledged in the high frequency literature. It is clear
that jumps play a significant role in high-frequency based realized
variation estimation. A large body of literature has evolved to show
both theoretically and empirically that jumps explain many of the
dynamic features of stylized facts documented in asset prices.4 The
presence of jump variations in both individual assets and the aggre-
gate market will affect co-volatility estimation and consequently the
measurement of realized beta and systematic risk. The missing link
of Christensen et al. (2010) for jumps thus provides important in-
sights to improve the estimation of the integrated co-volatility,
which is what we propose to do in the current study.
The new estimator we propose is obtained in the presence of
microstructure noise, non-synchronous trading, and possible
jumps from individual assets or the market. The timing of jump
occurrence in the two assets is an important issue from such a per-
spective. Jacod and Todorov (2009) develop the idea and formal
tests for ‘‘common jumps’’ (jumps occurring at the same time)
and ‘‘disjoint jumps’’ (not occur at the same time but within the
same day) for a bivariate process that is observed on a finite time
interval at discrete times. This paper follows the Jacod and Todorov
(2009) definitions in discussing of our decomposition of jumps
using the proposed co-volatility estimator.
By incorporating jumps as an additional factor, the new estima-
tor, through a realistic cojumps threshold setting that accounts for
the interaction between the two assets, can possibly disentangle
the effect of idiosyncratic jumps and cojumps5 on systematic risk.
Our approach here, however, is different from that of Todorov and
Bollerslev (2010). Todorov and Bollerslev (2010) provide a new the-
oretical framework for disentangling and estimating the sensitivity
towards systematic diffusive and jump risk in the context of factor
models. They focus on the decomposition of systematic risk by rec-
ognizing the jump occurrence at aggregate market level and show
that diffusive and jump betas with respect to aggregate market port-
folio differ substantially. Their work only considers one process for
estimating beta risk while ours considers two processes and allows
for more general jump settings at both aggregate market and indi-
vidual asset levels. In addition, Todorov and Bollerslev (2010) do
not consider microstructure noise effects and hence their method
cannot be used for ultra-high frequency data as our approach can.
Given the recent development in empirical studies to show the
importance of both idiosyncratic jumps and systematic jumps,6 our
approach is hence an alternative to the Todorov and Bollerslev
(2010) framework for estimating realized systematic risk, with less
restrictions imposed from our approach (i.e. our methodology is
not based on factor models and can be generalized to general inte-
grated co-volatilities).
Our simulation results suggest that the newly proposed estima-
tor can produce much more accurate and robust estimations for
the integrated co-volatility and it can disentangle relative contri-
butions of the different aspects to integrated co-volatility. Con-4 See, e.g. Andersen et al., 2007; Mancini, 2009; Lee and Mykland, 2008 among
many for related discussions.
5 Same as in Jacod and Todorov (2009), we define co-jumps as two jumps occur at
the same time. However, we define idiosyncratic or individual jumps as two jumps
occur not at the same time. So that in the current study common jumps plus
idiosyncratic jumps equals total jump.
6 For example, Lee (2012) is one of the latest works in the literature discussing the
possibility of disentangling as well as predicting these two types of jumps in the stock
markets. The work holds true that distinction between systematic jumps and
idiosyncratic jumps is expected to be beneficial in portfolio management as it can
help to better understand the determinants of non-diversifiable risk in extreme
market conditions.
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jump accounted for, with noise correction only, and with jump cor-
rection only, the new estimator we propose accounting for both
noise and jump produces the least bias. In the empirical illustra-
tion, we apply the new realized covariance estimator to tick-by-
tick data from a major Chinese stock market index and four blue
chip Chinese stocks7 representing major Chinese business industries
and calculate the realized betas for the four stocks following the def-
inition of Andersen et al. (2006).
In the empirical illustration we obtain several important find-
ings: First, compared to noise correction and other aspects, con-
trolling for jumps affects the estimation of co-volatility
significantly. The proportion for the total jumps’ ‘‘contribution’’
to co-volatility estimation is shown to be approximately 30%, sug-
gesting that our proposed estimator has great importance in cor-
recting biases in integrated co-volatility estimation. Second,
through our decomposition approach, we show that common
jumps play a more prominent role in affecting the co-volatility
estimation than idiosyncratic jumps. We also find that it is possible
for the idiosyncratic jumps to dominate the jumps’ effect, suggest-
ing that both common jumps and idiosyncratic jumps can have sig-
nificant effect on the estimation of integrated co-volatility. This is
consistent with positions taken by some recent publications such
as Lee (2012) who explicitly show that distinguishing idiosyncratic
jumps from systematic jumps is both possible and important.
Third, in comparing effects of different aspects on realized beta
estimation, we find that jumps likely cause upward biases for beta
estimation while microstructure noises usually lead to downward
biases. The combined effects of the two aspects are usually nonlin-
ear and lead to underestimation of systematic risk. By controlling
for both noise and jump effects, based on our sample, the proposed
new estimator indicated that estimated systematic risk should be
50% higher than otherwise neither effect is accounted for.
We organize the rest of the paper as follows: Section 2 provides
theoretical methodologies on the new estimator for co-volatility
accounting for jumps; Section 3 discusses the simulation results
for the new estimator; Section 4 presents the empirical illustration
in the Chinese market, disentangling the effect of jumps on estima-
tion of the co-volatility and systematic risk; and we summarize
and conclude in Section 5. And all the technical proofs are post-
poned to Appendix A.
2. Methodology
2.1. The basic model setting
Suppose that we have a d-dimensional underlying log price pro-
cess of assets, Xt. A standard no-arbitrage condition suggests that
security prices must be semi-martingales.8 Consequently, a widely
used model for Xt is the following semi-martingale:
Xt ¼ XCt þ X
D
t ; ð1Þ
where XCt and X
D
t are, respectively, the continuous and discontinu-
ous components whose explicit forms are the following:

















xlðds;dxÞ; ð3Þ7 It is generally believed that jump occurs more frequently and dramatically in
emerging markets and we use Chinese data just for illustration purpose. Applying the
proposed estimator to other markets is not exclusive.
8 See, e.g., Delbaen and Schachermayer, 1994.
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locally bounded processes, r = (rt)tP0 is an adapted cádlág d  d
co-volatility matrix and W = (Wt)tP0 is d-dimensional Brownian
motion, l is two-dimensional jump measure compensated by m,
and the component of m has the form dtFit(dx), for i = 1,2, . . . ,d,
where Fit(dx) is a transition measure form X Rþ endowed with
the predictable r-field into R=0. The integrated covariation, which










For this multi-dimensional process, a quantity which is called
the quadratic covariation matrix, is pivotal in financial economics.9
2.2. The effect of microstructure noise
We consider the one-dimensional process Y on the time interval
[0, t], which can be observed in the following form:
Yti ¼ Xti þ ti ; ð5Þ
where Xti and ti , i = 1,2, . . . ,n, have straightforward interpretations
in terms of efficient price and microstructure noise contamination
in the price data, respectively. Both the efficient (latent) price X
and microstructure noise  are unobservable. The econometrician
only observes the noisy price data Y.
The more sophisticated construction of the noise process fol-
lows the work of Christensen et al. (2010), here we need an
assumption on the two-dimensional noise process  for technical
reason.
Assumption 1. 1(t) and 2(t) are two iid processes with




. We further assume
X \  (here, \ denotes stochastic independence).
The usually used method to remove the microstructure noise
effect, is the pre-averaging approach. For a detailed description,
see Jacod et al. (2009). Let the jth increment of a process Y is
Dnj Y :¼ Ytj  Ytj1 ; for j ¼ 1;2; . . . ;n:
Hence we have a sequence ðDn1Y; . . . ;D
n
nYÞ. Choose an integer kn such
that 1 6 kn 6 n and then we formulate n  kn + 1 overlapping
blocks, the i’th being




; for 1 6 i 6 n kn þ 1:




gðj=knÞDniþjY; for 1 6 i 6 n kn þ 1;
where the weight function g is chosen such that
(1) it is continuous, piecewise C1 with a piecewise Liptschiz
derivative g0,




The following two functions satisfy the above conditions
g1ðxÞ ¼minfx;1 xg; and g2ðxÞ ¼ xð1 xÞ; x 2 ½0; 1:9 See, e.g., Barndorff-Nielsen and Shephard, 2007; Andersen et al., 2010 and it is of
strong interest in financial applications, such as portfolio risk and hedging of funds
management, see, e.g., Aït-Sahalia and Jacod, 2010
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The above pre-averaging procedure reduces the influence of the
microstructure noise; its effect on the jumps remains very limited.
After pre-averaging, the estimator contains a part from jumps. The
remaining task is to remove the effect of the jumps.
For ease of exposition, let us take kn = hn1/2 with a real number h
(the optimal choice of h is discussed in Christensen et al. (2010)).
As we can see in Appendix A.1, after the pre-averaging procedure,
we see that smoothed increments, Ai1 and A
i
3, respectively from the
diffusion part and the smooth noise part, are both of size n1/4.
However, the smoothed increment, Ai2, from the jump part, may
still be larger than n1/4. Following the hypothesis of Mancini
(2009) or Jacod (2008), we can propose a noise version of threshold
estimator of [XC, XC]t as follows:










The theoretical properties of above estimator are studied by Jing
et al. (2010). Note that the threshold level un is chosen such that
those (smoothed) increments larger than un will be gradually ex-
cluded as n ?1, and essentially only those increments due to con-
tinuous part and microstructure noise are included. Since the
microstructure noise is easy to pick out using realized volatility,
hence the integrated volatility is obtained.
2.4. Threshold–pre-averaging estimator of co-volatility
We now consider the estimate of integrated co-volatility, which
allows two jump-processes to be correlated. The two individual
stocks may jump together because common news such as govern-
ment announcements may affect individual stocks. We refer to Ja-
cod and Todorov (2009).
After the pre-averaging procedure, the smoothed increments
from the diffusion part and the smoothed noise part, are both of
size D1=4n , while the smoothed increments from the jump part
may still be larger than D1=4n . Suppose that we observe two process
Y = (Y1, Y2) at time points ti, i = 1,2, . . . ,n. Following the idea of
Mancini (2009) or Jacod (2008), we can construct a consistent esti-


















n ! 0; uðkÞn =D
-2
n !1; for some 0 6 -1 < -2
< 1=4; k ¼ 1;2: ð9Þ
The threshold level uðkÞn is chosen such that those (smoothed)
increments larger than uðkÞn will be gradually excluded as n ?1,
and essentially only those increments due to continuous part
(and microstructure noise part when estimating the integrated vol-
atility) are included for the calculation of the integrated co-volatil-
ity because we have already smoothed the data by pre-averaging.
Combining these two methods, we have the next theorem sim-
ilar to Jing et al. (forthcoming), which is needed here to induce our
estimator for non-synchronous observations.
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2.5. Estimate of co-volatility with non-synchronous data
Non-synchronous trading is a recognized feature in the market.
This is especially the case for multivariate high-frequency data. For
example, see Fisher (1966). Appearance of this feature causes spu-
rious cross-autocorrelation amongst asset price returns sampled at
regular intervals in calendar time, as new information gets built
into prices at varying intensities. On the other hand, it is well
known that high-frequency realized covariance estimates, using
the previous-tick method to align prices, are biased towards zeros
in this setting, which is known as Epps effect, see Epps (1979).
Motivated by these shortcomings of realized covariance, a number
of alternative procedures have been proposed in the literature; to
name a few, see Zhang (2011) and Barndorff-Nielsen et al. (2008).
Among others, it is worth pointing out that Hayashi and Yoshida
(2005) proposed (and further developed the method in Hayashi
and Yoshida (2008)) an alternative procedure for covariance mea-
surement in a noise-free situation. The estimator they propose has
a profound advantage in that it does not discard information that is
typically lost using a synchronization procedure. Christensen et al.
(2010) extend their estimator to noisy high-frequency data using
pre-averaging. Here, we show how one can remove the jumps from
HY estimator by a threshold procedure.
The combination of those three techniques, namely, threshold,
pre-averaging and HY procedures, produces a consistent estimator
of co-volatility. Suppose that the number of observations of Y1 and
Y2 are n1 and n2, respectively. Letting n = n1 + n2, we define






















where Aij ¼ ðtð1Þi ; t
ð1Þ




jþkn . The indicator function discards
pre-averaging returns that do not overlap in time and that the sizes
are larger than the thresholds.




r1ðsÞr2ðsÞ ds: ð12ÞRemark 1. In practice, there might be interactions between the
two securities. Considering this fact in the model, they are cancel-
lations between the increments of two processes. It becomes
increasingly complex if one takes account of the signs of jumps,
hence in this first step, we only examine the continuous parts. If
two stocks share a common jump in their increments, that is
Dnil ;kn YlðgÞ ¼ D
n
il ;kn
YCl ðgÞ þ J for l = 1, 2, when this jump is small with
a matched size as continuous parts, then the cancellation between
two continuous parts will induce Dnil ;kn YlðgÞ < u
ðlÞ
n . Hence a more





























where uðlÞn is same as in Eq. (11) ðl ¼ 1;2Þ;uðcÞn is a positive number
but less than uð1Þn þ uð2Þn , and has the same order as uð1Þn þ uð2Þn . How-Please cite this article in press as: Wang, K., et al. Disentangling the effect of ju
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for the two estimators.3. Simulation study
In this section, we conduct a simulation study to verify the per-
formance of our estimator with simulated non-synchronous high-
frequency trading data. Two processes are generated from a com-
bination of diffusion and symmetric stable Levy process, namely,
X1t ¼ r1W1t þ S1t ; and X2t ¼ r2W2t þ S2t;
where W1t and W2t are two standard Brownian motions with corre-
lation q, and S1t and S2t are two independent symmetric stable Levy
processes with index c1 = 0.5 and c2 = 0.5 to avoid too many small
jumps, respectively. To generate the trading time, we employ Pois-
son processes. Suppose that the trading data is recorded in seconds
within a 6.5 h trading day. That is, the time between two ticks of
trading is assumed to have a geometric random variable with inten-
sities k1 and k2, respectively.
Furthermore, we assume that both of the latent prices are con-
taminated by a sequence of microstructure noise, i, for i = 1, 2,
which are mutually independent and identically distributed as
N(0, x), and independent of the latent prices. That is, we have
observations Y = X + . To calculate the pre-averaging return, we





, where n1 and n2 are the number of observations
for X1 and X2, respectively and h is a known constant. The threshold
to remove the jumps is uðiÞn ¼ aið1=niÞji ; i ¼ 1;2. In this simulation,
we take a1 = a2 = 5, x = 0.05, h = 0.8 and j1 = j2 = 0.23, more judg-
matical choice of ji may depend on the index of Levy process c and
we consider several cases, where different k’s are involved.
In particular, to determine the contribution of the jumps and
microstructure noise clearly, we use the following estimators to
the noisy data:
I. Realized co-volatility: An estimator without any treatment of







II. Thresholding realized co-volatility: An estimator considering

















III. Pre-averaging realized co-volatility: An estimator considering
the effect of microstructure noise only, i.e., Christensen et al.











i;kn Y2Þ1fAij–;g;where Aij ¼ ðtð1Þi ; t
ð1Þ




jþkn .IV. Thresholding–pre-averaging realized co-volatility: An estima-











 ðDni;kn Y2Þ1fi2Bni ;j2Cnj ;Aij–;g;where Bni ¼ fi : jD
n
i;kn Y1j 6 u
ð1Þ
n g; Cnj ¼ fj : jD
n
j;kn Y2j 6 u
ð2Þ
n g.systematic risk using a new estimator of integrated co-volatility. J.
Table 1
Contribution of jumps, microstructure noise to the co-volatility.
q = 0.5 q = 0 q = 0.5
(bias, rmse) (bias, rmse) (bias, rmse)
Panel A: ‘‘Estimator’’ I: Neither











k1 = 4, k2 = 6 (5.2654, 6.1258) (17.875, 9.3636) (51.245, 15.332)








Panel B: ‘‘Estimator’’ II: Jump
k1 = 1, k2 = 2 (0.2154, 0.1678) (0.2254, 0.2142) (0.2241, 0.3245)
k1 = 3, k2 = 5 (0.3278, 0.3587) (0.3354, 0.4157) (0.3125, 0.5236)
k1 = 4, k2 = 6 (0.5547, 0.5786) (0.5811, 0.7698) (0.4299, 0.7865)
k1 = 8, k2 = 10 (0.8975, 0.6687) (0.9856, 0.7752) (0.6411, 0.8967)
k1 = 12,
k2 = 20
(1.8956, 0.8679) (1.2356, 1.0015) (0.9654, 1.4658)
Panel C: ‘‘Estimator’’ III: Noise
k1 = 1, k2 = 2 (0.1986,
0.8658)
(0.2542, 0.6636) (0.2687, 0.9865)





k1 = 4, k2 = 6 (0.6225, 1.8869) (0.7541, 2.0124) (0.4299, 1.6752)







(0.6568, 2.9854) (1.0554, 2.2125)
Panel D: ‘‘Estimator IV’’: Both



























Note: This table reports the results from our simulation example. ‘‘Neither’’ refers to
when neither noise nor jump is controlled for; ‘‘Jump’’ and ‘‘Noise’’ refer to esti-
mators when only jump or noise is considered and controlled for respectively;
‘‘Both’’ refers to when both noise and jump are controlled. The corresponding
contribution of jumps, microstructure noise can be clearly obtained from the table.
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k in Table 1. The same procedure is repeated 5000 times and re-
sults including biases and mean square errors are displayed in sev-
eral tables.
From the table, we can illustrate the following findings: the
threshold–pre-averaging estimators perform very well across all
scenarios of noise and non-synchronous trading. One exception is
the threshold–pre-averaging estimator in which all of the other
‘‘estimators’’ actually wrongly estimate the co-volatility; however,
this is in line with our theoretical results. That is, we have to con-
sider both the jumps and microstructure noise effects. Otherwise, a
bias might be induced. From the ‘‘estimator’’ I, we find that the
microstructure noise, if left untreated, will play a dominant role
in the statistic.10 Such a threshold can realistically account for those co-jumping scenarios when
both assets exceed the two thresholds together and when both assets jump but none
exceeds the threshold as a result of interactions between different components of
assets.
11 This is consistent with the result in Table 7 for realized beta discussion that
controlling for noise only will render beta going up significantly. And patterns for all
the four aspects here for co-volatility can also adequately explain patterns observed
for the estimated realized betas.4. Empirical results
In our empirical illustration, we choose the Chinese HUSH-
EN300 index and four blue chip Chinese stocks. Of the four stocks,
three are from the Banking sector and one is from Iron and Steel
sector. In symbols, HS300 stands for HUSHEN 300 index; SPDB
stands for Shanghai PuDong Development Bank; HXB stands for
Huaxia Bank; CMSB stands for China Minsheng Bank; and WGPlease cite this article in press as: Wang, K., et al. Disentangling the effect of ju
Bank Finance (2013), http://dx.doi.org/10.1016/j.jbankfin.2013.01.024stands for Wuhan Iron and Steel (Group) Corp. We obtain tick-
by-tick high frequency data for the four stocks and the HUSHEN
300 index from the China Stock Market and Accounting Research
Database.
Similar to the filter rules used by Barndorff-Nielsen et al. (2008)
and Christensen et al. (2010), we filter the data by choosing those
from 9:30 AM to 3:00 PM. We also aggregate data with identical
time stamps using volume-weighted average prices. Table 2 shows
the numbers of observations for the raw trades and filtered trades
in 2009 and 2010.
Following the settings in the simulation study, we compute the
sample co-volatility matrix for the five assets (HUSHEN 300 index
and the four stocks) in 2009 and 2010 respectively under the four
scenarios of (I)–(IV), corresponding to ‘‘Neither’’, ‘‘Jump’’, ‘‘Noise’’
and ‘‘Both’’ respectively.
The two thresholds uð1Þn and u
ð2Þ
n are used in the estimators of (II)
and (IV). To choose them, we assume that the pre-averaging re-
turns are normally distributed if no jumps are included. The use
of tick data makes the sample size large enough. If there are jumps
in the pre-averaging returns, they must be outliers. As a conse-
quence, we select uð1Þn and u
ð2Þ
n as seven times standard deviations
of each data set (because a normal variable is almost impossible
with size larger than 7 st.dev.). Additionally, in such empirical
investigation, we rely on the third threshold of ucn for disentangling
the common jumps from the idiosyncratic jumps and to treat
exceeding of this threshold as an occurrence of common jumps be-
tween the two assets.10 Accounting for the cancelations discussed in
the estimator of Eq. (13), we reduce one standard deviation to the
lower bound of the common jumps. That is, we set uðcÞn equal to
6=7 uð1Þn þ uð2Þn
 
.
It is clear that scenario (III) is simply the estimator proposed by
Christensen et al. (2010) while scenario (IV) is the estimator pro-
posed by the current study. The 2 year results, which are averaged
co-volatility estimated over each year, are presented in Tables 3
and 4 respectively. The diagonal is the averaged variance of the five
with the rest being calculated integrated covariances. From the re-
sults for year 2009 in Table 3, if we compare the co-volatilities
across panels, compared to controlling for neither noise nor jumps,
we can easily obtain the following observations: first, controlling
for jumps only yields a smaller realized variance estimation and
a comparatively even smaller realized covariance estimation; sec-
ond, controlling for noise only yields smaller integrated realized
variances but much larger realized covariances11; and third,
accounting for noise and jumps simultaneously will produce smaller
realized variance estimation and larger realized covariance estima-
tion, but not as large as from the observation two above.
From these observations, one might easily understand that
jumps, if not controlled for, usually lead to increased estimation
for the realized covariances while microstructure noises usually
lead to decreased estimations. Controlling different aspects will,
however, produces smaller integrated realized variances, which
is not surprising given our thresholding techniques applied in the
present study. Additionally, comparing matrix based on our esti-
mator to that of Christensen et al. (2010), i.e. (IV)–(III), we notice
that our estimator generally produce slightly smaller realized vari-
ances but much smaller realized covariances.
Based on our analysis, almost the same relative cross-panel pat-
terns for the co-volatility matrices are observed from Table 4 formps on systematic risk using a new estimator of integrated co-volatility. J.
Table 2
Raw trades and filtered trades.
2009 2010
HS300 SPDB WG HXB CMSB HS300 SPDB WG HXB CMSB
Raw trades 796,999 800,596 769,289 803,029 795,158 688,441 688,622 686,965 679,565 691,681
Filtered trades 673,317 672,683 669,977 675,450 667,240 670,404 666,083 665,372 659,016 668,888
Note: this table reports the raw and filtered data for the selection of trades included in our empirical sample in years 2009 and 2010.
Table 3
Average of co-volatility matrices across the trading days in 2009: Under four scenarios.
Panel A: Neither Panel B: Jump
HS300 SPDB WG HXB CMSB HS300 SPDB WG HXB CMSB
HS300 0.4994 0.5147 0.5014 0.4211 0.5170 0.3904 0.2370 0.2386 0.1999 0.2742
SPDB – 13.1669 0.6130 0.5422 0.5090 – 6.8450 0.2672 0.2184 0.2215
WG – – 29.9545 0.5831 0.5645 – – 20.3575 0.2830 0.2402
HXB – – – 21.9932 0.5453 – – – 13.0184 0.3005
CMSB – – – – 32.7977 – – – – 25.8879
Panel C: Noise Panel D: Both
HS300 1.7917 3.7717 3.8462 3.3597 3.3651 1.5335 2.4765 2.5355 2.1323 2.2308
SPDB – 7.6661 4.2855 4.5801 4.4861 – 6.5996 2.6739 2.6442 2.5927
WG – – 10.1980 3.6886 3.7442 – – 8.6004 2.2519 2.3938
HXB – – – 4.0540 4.1606 – – – 6.2495 2.3474
CMSB – – – – 3.1546 – – – – 3.1279
Note: This table presents the co-volatility for the market index and the four stocks in 2009 in four scenarios to compare the contributions of different aspects. ‘‘Neither’’ refers
to when neither the noise nor the jumps are controlled for in the estimation; ‘‘Jump’’ refers to when only jumps are controlled for; ‘‘Noise’’ refers to when only microstructure
noise is controlled for; ‘‘Both’’ refers to when both noise and jumps are accounted for although all four aspects have already considered the non-synchronous trading problem.
Clearly, Panel C gives the estimate based on Christensen et al. (2010) while Panel D is based on the new estimator we proposed. The results are in the units of 104.
Table 4
Average of co-volatility matrices across the trading days in 2010: Under four scenarios.
Panel A: Neither Panel B: Jump
HS300 SPDB WG HXB CMSB HS300 SPDB WG HXB CMSB
HS300 0.3908 0.3387 0.2870 0.3503 0.3790 0.2687 0.1441 0.1720 0.1498 0.2161
SPDB – 12.0413 0.3099 0.4115 0.3334 – 7.1831 0.1707 0.1610 0.1412
WG – – 39.0687 0.3759 0.2619 – – 35.6797 0.1925 0.1529
HXB – – – 19.8757 0.3487 – – – 10.6351 0.1772
CMSB – – – – 33.8252 – – – – 29.3817
Panel C: Noise Panel D: Both
HS300 1.1014 2.1490 1.9238 2.0714 1.6321 0.8462 1.2177 1.1461 1.1712 0.9301
SPDB – 4.0676 2.0834 2.7062 2.0361 – 3.1898 1.1374 1.2896 0.9937
WG – – 3.0930 1.9645 1.6227 – – 2.4869 1.0893 0.8901
HXB – – – 3.7894 2.0211 – – – 2.7342 0.9675
CMSB – – – – 1.7490 – – – – 1.1973
Note: This table presents the co-volatility for the market index and the four stocks in 2010 in four scenarios to compare the contributions of different aspects. ‘‘Neither’’ refers
to when neither the noise nor the jumps are controlled for in the estimation; ‘‘Jump’’ refers to when only jumps are controlled for; ‘‘Noise’’ refers to when only microstructure
noise is controlled for; ‘‘Both’’ refers to when both noise and jumps are accounted for although all four aspects have already considered the non-synchronous trading problem.
Clearly, Panel C gives the estimate based on Christensen et al. (2010) while Panel D is based on the new estimator we proposed. The results are in the units of 104.
Table 5
Contribution of jumps to volatility (thresholding based) (%).
HS300 SPDB WG HXB CMSB
2009 14.10 13.54 16.03 15.69 15.51
2010 22.89 19.59 16.50 18.68 18.78
Note: This table presents analysis results of jumps’ contribution to realized variance
based on our thresholding methodology. The ratios are averaged across trading days
in 2009 and 2010. Jumps roughly contribute about 15% to total realized variances in
2009 with almost equal proportions for index and all the four individual stocks. In
2010, such ratio is about 19%, which suggests total jumps contribute a little bit
more in 2010 than in 2009.
6 K. Wang et al. / Journal of Banking & Finance xxx (2013) xxx–xxxthe 2010 as from Table 3. But compare the two tables, the matrix
value in 2010 is generally smaller than that in 2009, indicating
the estimated co-volatilities are weaker in magnitude than in the
previous year. Taking the last panel when both noise and jumps ef-
fects are controlled for example, for the market index, variance
estimation in 2010 is almost halved comparing to the previous
year. In 2009, WG, the Steel and Iron company, shows the biggest
variation in terms of realized variance at 8.6004. This figure is
approximately twice that of the market and about 2.5 times of that
of the CMSB (3.1279), which is the smallest among all four. But in
2010, WG’s volatility is obviously reduced to be lower than even
one of the big banks (HXB, 2.7342), while CMSB is still the lowest
in terms of variance. This reflects that the majority of the banking
stocks, due to their size and regulation, shows relatively smaller
variance while industrial stocks in China, such as WG, will fluctu-
ate more subject to various market and trading influences. How-Please cite this article in press as: Wang, K., et al. Disentangling the effect of ju
Bank Finance (2013), http://dx.doi.org/10.1016/j.jbankfin.2013.01.024ever, covariances estimated is similar in magnitude across pairs
within each year, confirming that linkages between them are fun-
damentally and commonly determined.mps on systematic risk using a new estimator of integrated co-volatility. J.
Table 6
Breakdown of the jump effect on the integrated co-volatility estimation (%).
Panel A: 2009 Panel B: 2010
SPDB WG HXB CMSB SPDB WG HXB CMSB
Continuous 83.61 84.96 82.65 79.49 74.70 63.04 73.28 59.57
Common jumps 15.25 13.24 15.11 13.55 22.72 14.38 22.55 16.89
Idiosyncratic jumps 1.14 1.80 2.24 6.96 2.58 22.58 4.17 23.54
Note: This table presents the breakdown of jumps effect on the co-volatility with the HUSHEN300 index for the four stocks in 2009 and 2010. The quotients are based on
Christensen et al. (2010) estimate as 100%, which equals to continuous part plus total jump part, which is further decomposed into common jumps and idiosyncratic jumps.
The percentage reported in the table is proportion of the indicated component to the Christensen et al. (2010) estimate. The three components add up to be one.
Table 7
The average value of the four betas for 2009 and 2010.
Estimated beta Effects of aspects (%)
SPDB WG HXB CMSB SPDB WG HXB CMSB
Panel A: 2009
Neither 0.9705 0.9512 0.7976 0.9832 44.47 42.30 41.03 49.80
Jump 0.6467 0.6681 0.5465 0.7819 29.63 29.71 28.12 39.60
Noise 2.1823 2.2489 1.9438 1.9744 – – – –
Both 1.6928 1.7401 1.4742 1.5122 77.57 77.38 75.84 76.59
Panel B: 2010
Neither 0.8339 0.7294 0.8647 0.9928 39.62 38.27 42.32 59.66
Jump 0.5187 0.6336 0.5284 0.8436 24.64 33.25 25.86 50.70
Noise 2.1047 1.9057 2.0431 1.6640 – – – –
Both 1.5442 1.4797 1.4773 1.2411 73.37 77.65 72.31 74.59
Note: This table presents the realized beta for the four stocks in the 2 years from
four aspects to compare the contributions. ‘‘Neither’’ refers to when neither the
noise nor the jumps are controlled for in the estimation, although all four aspects
have already considered the non-synchronous trading problem. Clearly, aspect
‘‘Noise’’ gives the estimate based on Christensen et al. (2010) while ‘‘Both’’ is based
on the new estimator we proposed. Those effects of aspects are proportions which
is calculated as ratios for different aspects against (III), i.e. Christensen et al. (2010)
estimator.
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atility within the newly proposed methodological framework to try
to better understand how different jump activities contribute to
the estimation of the co-volatility. Table 5 presents analysis results
of the contribution of jumps to realized variance based on our
thresholding methodology. We compute the realized variances un-
der Christensen et al. (2010) estimator and our own estimator, and
take the difference between the two as component of total jump.
The contribution proportions are computed as the ratio between
absolute value of the jumps to realized variance based on the
Christensen et al. (2010) estimator. The ratios are then averaged
across trading days in 2009 and 2010. From Table 5, jumps roughly
contribute about 15% of the total realized variances in 2009 with
comparable proportions for the index and the four individual
stocks. In 2010, such ratio is near 19%, which suggests a total jumps
contributing slightly more in 2010 than in 2009.12
We directly report the three components of the co-volatility
estimates as proportions of the Christensen et al. (2010) estimator
when noise and non-synchronous trading are already controlled
for. The three components are thus the continuous part, common
jumps, and idiosyncratic jumps, in which the last two components
add up to be the total jumps. Following Jacod and Todorov (2009),
we define common jumps as two assets jump together and the rest
of jumping activities are simply idiosyncratic jumps.13
From Table 6, we present the breakdown of jump effect on the
integrated co-volatility estimation for the stocks with the HUSH-12 It can also be consistently found from Table 6 that total jumps also affect the co-
volatility estimations more in 2010 than in 2009.
13 It should be noted that we take absolute values of each of the components in the
proportion calculation, ensuring that the sum of the proportions is equal to one.
Please cite this article in press as: Wang, K., et al. Disentangling the effect of ju
Bank Finance (2013), http://dx.doi.org/10.1016/j.jbankfin.2013.01.024EN300 index. Panel A indicates that in 2009, continuous part made
up approximately 82% of the integrated co-volatility. This suggests
total jumps take about 18% of the estimate, among which common
jumps clearly dominate to show approximately 15% while idiosyn-
cratic jumps takes the remaining 3%. The proportion of the idiosyn-
cratic jumps is the highest for the CMSB at 7% and lowest for SPDB at
1.1%. All the results generally suggest that common jumps dominate
idiosyncratic jumps in the total jump effect in the integrated co-vol-
atility estimation in 2009. This should be straightforward as all the
four stocks are blue chips and one can expect them to jump mostly
together with the index. Panel B indicates that continuous parts have
a relatively lower proportion in 2010 than in 2009, although they
still average at about 68%. Regarding the common jump and idiosyn-
cratic jump proportions, SPDB and HXB continue to show that com-
mon jumps dominate the total jump effect while WG and CMSB
results suggest idiosyncratic jumps dominate, although correspond-
ing common jumps still occupy a nontrivial proportion. The propor-
tions of the continuous parts for when the idiosyncratic jumps
dominate are relatively lower although. In total, results of the jump
effect decomposition from Table 6 generally indicate that common
jump dominates the total jump effect on the co-volatility estimation.
However, it is also possible for idiosyncratic jumps to take control,
depending on the jumping activities of individual stocks. Results
from our study here also suggest it is important to consider both
common jumps and idiosyncratic jumps in the risk return analysis
as both can affect risk measurement significantly.
We present average beta estimated across trading days in 2009
and 2010 under the four scenarios for the four stocks, together
with the effect of each scenario, in Table 7. From both panels, by
considering the four scenarios we obtain that: firstly, when neither
noise nor jump is controlled for, realized betas estimated for the
four stocks are close to one, indicating those stocks appear to move
in lockstep with the market index and this is the case in both years.
Secondly, controlling for jumps alone, realized beta estimated de-
crease to around 0.6. This may imply that noise affects the beta
estimation leading to possibly downward biases. Thirdly, control-
ling for microstructure noises, realized beta will be significantly in-
creased to around two for the four stocks. This also indicates jumps
will cause considerable upward bias in the beta estimation as noise
effects have been considered and controlled for. Furthermore, this
indicates beta estimation based on Christensen et al. (2010) may
lead to upward bias and overestimation. In the last scenario when
both noise and jump effects are considered and controlled for, real-
ized beta estimated are approximately 1.6 in 2009 and 1.4 in 2010,
suggesting noise and jumps, if not controlled for in the systematic
risk estimation, may lead to considerable underestimation. Consis-
tent results are obtained for the four stocks in both of the 2 years,
further confirming the robustness of the findings. The second table
in each panel further presents the effect of each aspect as a propor-
tion to the third beta estimator which is based on Christensen et al.
(2010).14 It can be inferred from the panel that total jumps contrib-14 We choose Christensen et al. (2010) estimator as a benchmark on considerations
that we need to maintain consistency with results from Table 6 and also for possibly
computing the contribution of jumps to beta estimation.



































































Fig. 1. The estimated betas under scenario (IV). Note: This figure plots the estimated betas of the four stocks controlled for the noise and jump. The upper row indicates the
year 2009 while the lower row indicates the year 2010. The first column depicts the daily beta of SPDB, the rest columns, from left to right, depicts the daily betas of WG, HXB,
CMSB respectively.
8 K. Wang et al. / Journal of Banking & Finance xxx (2013) xxx–xxxute around 25% to the beta estimation, which is one minus the last
row of the proportions. This is comparable with total jumps’ contri-
bution to integrated co-volatility estimation documented before.
Fig. 1 illustrates the plot of the daily estimated betas of the four
stocks under the fourth scenario when both noise and jump effects
are considered and controlled for. The upper row depicts the situa-
tion for 2009 while the lower row plots the daily beta for 2010. This
figure clearly indicates systematic risk is indeed time varying and
shows similar cross-sectional patterns within each year and each
industry.
The actual realized beta based on our proposed estimator is
about 50% higher than otherwise neither noise nor jump is consid-
ered and controlled for. Compared with estimator of Christensen
et al. (2010), our estimator corrects the overestimation of system-
atic risk derived from controlling for noise only. The above results
are consistent with the rest empirical findings documented in the
current study and thus prove the consistency and robustness of our
proposed methodology.5. Concluding remarks
Relying on high frequency data in the estimation for realized
beta will have to overcome the problems of microstructure noise
and non-synchronous trading, and more importantly the disconti-
nuity of price process, the jumps, which will lead to distortions
when estimating integrated co-volatility. Several important stud-
ies are proposed dealing with microstructure noise and non-syn-
chronous trading problems such as Christensen et al. (2010), but
relatively less attention has been paid to controlling for jumps. This
issue is important in that by introducing jumps into the co-volatil-
ity estimation, there is the possibility to distinguish between idio-
syncratic jump and common jump, and it’s important to
understand how these different jump activities relate to systematic
risk.
We propose a new estimator for integrated co-volatility based
on Christensen et al. (2010) but going one step further to control
for the effect of jumps. We show how the combination of pre-aver-
aging and thresholding can be applied to the problem of measuring
the co-volatility of financial returns under non-synchronous trad-Please cite this article in press as: Wang, K., et al. Disentangling the effect of ju
Bank Finance (2013), http://dx.doi.org/10.1016/j.jbankfin.2013.01.024ing. We investigate the asymptotic properties, such as consistency
and asymptotic normality of the proposed realized estimator. We
also derive a noise-robust HY estimator that can be implemented
on the original data without prior alignment of the prices. The esti-
mator allows very general structure of jumps in the underlying
process, for example, infinity activity or even infinity variation.
Simulation is included to illustrate the performance of finite sam-
ple. After establishing the validity of the estimator, we apply it in
disentangling contributions of different aspects on the co-volatility
and realized beta estimations using tick-by-tick data from the Chi-
nese stock market. We find that controlling for jumps greatly affect
the integrated co-volatility estimation. Common jumps dominate
the effect on the estimation of integrated co-volatility and the real-
ized beta. We find it possible for idiosyncratic jumps to affect the
co-volatility estimation significantly, which confirm the impor-
tance of both jump activities in the estimation. We also find that
jumps likely cause upward biases for realized beta estimation
while microstructure noise usually lead to downward biases and
the combined effects of the two aspects are usually nonlinear
and lead to underestimation of systematic risk. By controlling for
both noise and jump factors, the proposed new estimator indicates
systematic risk estimated should be actually 50% higher than
otherwise when neither effect is accounted for. Such results sug-
gest our methodology provides necessary and significant correc-
tions for biases in the co-volatility and realized beta estimation.
They also indicate systematic risk for stocks should be much higher
than previously estimated which has rich implications in many
areas in finance.Acknowledgments
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Appendix A
A.1. Review of pre-averaging
Now let us investigate what effect the pre-averaging has. In


































(We shall treat the jump component Ai2 in the next subsection.)
Clearly, by choosing kn ?1 appropriately, we can control the effect
of microstructure noise Ai3 relative to A
i
1. In particular,
(i) if kn/n1/2 ?1, e.g., kn = bcn1/2+c for some small  > 0, then
the effect of the microstructure noise can be ignored;
(ii) if kn/n1/2 = c > 0, i.e., kn = bcn1/2c, then Ai1 and A
i
3 will be of
comparable size.
In either case, the influence of microstructure noise has been
eliminated or substantially reduced.
A.2. Proofs
By a standard localization procedure, see Jacod (2012) for in-
stance, we can replace the local boundedness in assumptions by
a boundedness assumption, and also assume that the process Yi,
i = 1, 2, and thus the jump process XDit , are bounded. That is, for
all results which need the assumption about volatility and Lévy
measure, we may assume, almost surely,
maxfjbitj; jritj; jXitjg 6 c; for some constant c > 0:
We more or less use the procedure of Jing et al. (2011).
Proof of Theorem 1. By Theorem 1 of Christensen et al. (2010), we
only need to show that
D1=2n ðUrlðYÞ  VrlðY
CÞÞ!P0: ð15Þ
Rewrite the left hand side as
D1=2n ðUrlðYÞ  VrlðY




















































































¼: T1 þ T2 þ T3 þ T4:
Since the continuous and discontinuous components are indepen-
dent, it is easy to show that T2 ? P0 and T4 ? P0.
Next, we show T3 ? P0. For any arbitrarily small  > 0, there
exists an integer N1, as long as n > N1, we havePlease cite this article in press as: Wang, K., et al. Disentangling the effect of ju










  1fjDni;kn Yr j6=2;jDni;kn Yl j6=2g:
By the Levy law for modulus of continuity of Brownian motion’s
paths (see, Theorem 9.25, Karatzas and Shreve, 1999) and time
changed Brownian motion (Theorems 1.9–1.10, Revuz and Yor,










for k = r, l, and some constant K only depending on x. On the other


































jhðg; h; sÞðDsYrÞðDsYlÞj1fjDsYr j6;jDsYl j6g;
where h(g, h, s) is bounded, depends on g, h and s. Now, Letting
? 0 yields T3 ? P0.




1!P0. We consider the
following disjoint cases. Note that l1, l2, r1, r2 denote any positive
real numbers. If Dni;kn Y
C
k
  P uðkÞn =2, for k = r, l, we have for some appropriate








ðuðrÞn Þl1 ðuðlÞn Þl2
: ð16Þ If jDni;kn Y
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ðuðrÞn Þr1 ðuðlÞn Þr2




n =2, jDni;kn Y
C
l j 6 u
ðlÞ
n =2, we have,jTi1j6
K Dni;kn Y
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n ;
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rj j1þl1 Dni;kn YClj j
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ð18Þ The case of jDni;kn Y
C
1 j 6 u
ð1Þ




n =2 is similar to (18).
Next, we estimate jDni;kn Y
C




k j. By Holder’s and Birk-


























Without loss of generality, we let l1 = l2 = r1 = r2 = 1. Then we deduce









In view of (9), we get T1 ? P0. hsystematic risk using a new estimator of integrated co-volatility. J.




r1sr2sds and JHY½Y  JHY½YC  ! 0:
The first asymptotic follows from Christensen et al. (2010), and
the second one can be proved by using the same procedure in The-
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